Background: Astrocyte activation is a characteristic response to injury in the central nervous system, and can be either neurotoxic or neuroprotective, while the regulation of both roles remains elusive.
Background
Astrocyte activation is a hallmark of various CNS injuries and pathologies, including stroke, trauma, tumor, infection, and neurodegenerative diseases [1] [2] [3] . Upon activation, astrocytes display altered metabolism and the ability to preserve CNS homeostasis and support neuronal function. Reactive astrocytes were shown to reduce damage during the acute phase of CNS insults [4] . In contrast, progressive degenerative diseases, such as glaucoma, feature chronic astrocyte activation that exacerbates damage to neurons and impairs regeneration of their axons [5, 6] . Importantly, a prominent astrocyte reactivation in primary open angle glaucoma (POAG) is localized to the optic nerve head, which is also the site of primary damage to the retinal ganglion cells (RGCs) [7] .
In common with many other complex, age-related diseases, neurodegeneration in POAG is associated with a homeostatic imbalance resulting from environmental factors and multiple genetic components interconnected within complex epistatic networks [8] . Such imbalance is manifested at three interconnected functional levels: intercellular stimuli, intracellular signal transduction, and core effectors (i.e. endogenous metabolism, structural complexes, etc). Disease causes alterations at all three levels. These can be measured by high-content screens that include differential gene expression, proteomics and metabolomics, as well as in genetic linkage studies that connect genes or protein variants to disease onset [9, 10] . Recent progress in systems biology has allowed a quantification, cross-comparison and functional interpretation of heterogeneous datasets within the framework of human biological pathways, networks and processes, which are assembled from a knowledgebase of functional biological interactions [10, 11] . This systems level approach requires an understanding of connectivity between the genes and proteins affected in a given disease. Connectivity is defined by binary protein interactions with genes, proteins and biologically active compounds [12] . The biological networks are scale-free but converge in regulatory nodes and modules, such as major transcription factors and receptors [13, 14] . Identification of such key topological elements [15, 16] on the networks derived from disease-related data may reveal potential therapeutic targets. This approach is particularly powerful for diseases of complex etiology, such as glaucoma.
Regulation of astrocyte activation, which is associated with increased neurotoxicity, involves differential activation of key cellular network modules [17] . To perform in silico reconstructions of the cellular pathways affected during the development of glaucoma, however, data derived specifically from astrocytes must be used, rather than data derived from whole-tissue (retina or optic nerve) samples. It is feasible to suggest that the cell-specific data from interacting cell types, such as astrocytes and retinal ganglion cells, will allow us to analyze differences in trans-cellular crosstalk that are implicated in glaucoma. Here, we performed functional analysis of the signaling and effector networks [18] potentially implicated in the pathophysiology of glaucoma, using both small experimental and high-content differential data obtained from whole optic nerves and from reactive ONHAs isolated from the optic nerves of glaucomatous patients. We reasoned that the bulk of changes to the ONHA transcriptome would be disease-related, and subjected the data to meta-analysis at the level of affected biological processes, and at the level of biological network topology, using the MetaCore Analytical Suite [19, 20] . This suite of analytical tools, linked to a comprehensive interaction and biological function database, is available as a stand-alone application and can be linked via a "plugin" to other pathway tools such as Cytoscape [21] . Biological networks were built starting from either gene expression data alone, or a combination of high content data sets reflecting multiple levels of information flow in the cell. Using a two-step procedure, we narrowed the set of differentially expressed genes, and merged it with genes associated in the literature with glaucoma, thus filling gaps in the fragmented, literaturederived genetic data. The final direct interaction network displayed a synergy between these two minimally-overlapping datasets, allowing broad characterization of pathological changes in reactive astrocytes, and defining network modules potentially implicated in the shift to neurotoxicity. Modules regulating such shift represent therapeutically valuable targets that can be further validated experimentally.
Results

Functional characterization of gene expression data
Primary astrocytes were purified from the cadaver eye optic nerve tissue (see Additional File 1, Supplement  Table S1 for clinical information of donor eyes) by twostep immunopanning procedure and expansion in vitro prior to analysis, as described [22, 23] . A detailed protocol is provided in Methods. Astrocytes from both normal (ages 59 ± 13) and glaucomatous (ages 69 ± 13) eyes with mild, moderate or advanced (1 donor) axon loss were isolated, maintained and processed for analysis in a strictly similar manner so that cultivation-induced differences on gene transcription between cell lines would be minimized. Comparison of the two profiles (normal vs. glaucoma) will, therefore, cancel much of the cultivationinduced changes, allowing disease-imprinted ones to be identified. Thus, the gene expression data analysis performed here revealed the changes in the disease-imprinted ONHAs, an experimental strategy that is often implemented by other investigators working with human diseases [24, 25] . Our analysis showed very significant correlation between transcriptomic changes observed in human and animal glaucoma; however, we have to admit that the influence of other factors on gene expression profile of primary cells cannot be fully excluded. Two separate sets of experimental data, were obtained from a total of seven normal and eight glaucomatous human donor eyes. A detailed description of the microarray analysis is given in Methods section, and in a previous publication [22] . We combined the data from donor Groups #1 and #2, which contained tissues from four glaucomatous and three or four normal eyes each (see details in Methods) into a non-redundant data set comprised of 461 up-regulated genes and 301 down-regulated genes (shown as AFFI IDs, see Additional File 2), and analyzed it along with individual data sets from each experimental series separately. There was a high abundance of genes with significant changes in the expression level between normal and glaucomatous ONHAs. We limited our analysis to those genes with the most significant changes in expression exceeding 2.5-fold differences in RNA abundance. Firstly, we ranked canonical pathways and gene ontology biological processes by the statistical significance of the overlap between their gene content and genes highly overrepresented in human glaucomatous astrocytes compared to normal astrocytes. In the enrichment analysis, we used the over-representation of the DE genes as a parameter to score the Gene Ontology (GO) functional folders and Metacore canonical pathway maps. The results were ranked by increasing the p-value ( Figure 1 ; for the enrichment data on individual datasets see Additional File 1, Supplement Table S2 ).
Activated processes and pathways
A major feature of astroglial reactivation following various CNS injuries is a profound activation of pro-inflammatory and stress response pathways [4, [26] [27] [28] . Consistently, upregulated genes outnumbered downregulated ones by approximately 50%. Enrichment analysis of the combined DE data set from this study showed that highest scoring GO terms for up-regulated genes included complement activation, signal transduction, regulation of circulation, inflammatory and innate immune response, nervous system development and cell adhesion ( Figure  1 ). Metabolic pathways were well-represented among upregulated genes, particularly, those encoding three enzymatic functions (defines as EC numbers): EC 1. Table 1) . Analysis of the data specific for individual donor groups added cell-cell signaling and lipid metabolism (see Additional File 1, Supplement Table S2 ). The most over-represented GO process, complement activation, scored consistently high in all data sets examined with nine out of thirty five genes activated (p-value 2.5e-8). A network built using the "Shortest Path" (SP) algorithm (see Additional File 1, Supplement Table S3 and in [19] ) to connect the genes in this process that changed, revealed highly-coordinated activation of several complement factors and regulatory genes, including complement factor H and clusterin (see Additional File 3, Supplement Figure S1 ). Next, we analyzed up-regulated genes associated with the GO process nervous system development (33 genes; p-value 4.1e-9). We used these genes as seed nodes to build process-specific networks using the SP algorithm: the network featured activation of ephrins, WNT regulatory proteins, pleiotropin, midkine, and GRO-I (see Additional File 3, Supplement Figure S2 ).
Significantly, mapping the combined activation data set onto canonical pathway maps revealed individual perturbed pathways within the larger GO categories. Affected pro-inflammatory pathways (maps) included, Complement activation, Signaling via ephrins, TOLL-like (TLR) receptors and IL-1. Nuclear Factor-kappaB (NF-kB) was among other top changed stress-response factors ( Figure  1 ). Analysis of the mapped data suggested that increased activity of ephrin receptors in reactive ONHAs transduced signals through either PI3K (PIK3CG), intersectin (ITSN1) or Tiam1 (TIAM1) to RAC1 and CDC42, and through JNK3/MAPK10 to paxillin, and affected pathways related to cell migration and neurogenesis (see Additional File 3, Supplement Figure S3 ). The established role of these molecules in regulation of cell movement may explain the molecular control of de-differentiation and increased motility of ONHAs, which are characteristics of reactive astrocytes in general [4, 28, 29] , and of glaucomatous ones in particular [1, 3] . Activation of ephrin A4 receptor (EFNA4), which has been shown to inhibit axonal regeneration via repulsive signaling [30, 31] , facilitated neuronal death in optic nerve and spinal cord injury models [32] . In contrast, the up-regulation of IL-6, ephrins B1 and B2 in glaucomatous optic nerves was interpreted as neuroprotective [33, 34] . Similar analysis of another top scoring map representing VDR-mediated signaling revealed a cross-talk between AP-1 subunit c-Fos (FOS), androgen receptor (AR), p57 (CDKN1C), osteopontin (SPP1) and cytochromes CYP27B1, CYP3A4 in glaucomatous ONHAs (See Additional File 3, Supplement Figure S4 ). Among metabolic maps, biosynthetic pathways for bile acid and cholesterol, serotonin-melatonin, leukotriene 4 and histamine biosynthesis were enriched ( Table 2 , also see Additional File 3, Supplement Figure S5 ) indicating alterations in lipid membrane biogenesis.
Overall, the enrichment analysis of transcriptional changes in glaucomatous ONHAs revealed significantly more activated than down-regulated pathways, which is consistent with the "re-activation" status of these cells. Transcriptional activation orchestrated by the transcription factors AP-1/c-FOS, VDR, and NF-kB, was modulated by increased activity of TLR, AR and ephrin receptors. Pro-
The enrichment analysis of differential gene expression (microarray) data Figure 1 The enrichment analysis of differential gene expression (microarray) data. The distributions for the top twelve canonical maps and GO processes represented by the up-regulated (A, B) and down-regulated (C, D) genes in the combined data set. Individual sector areas reflect relative gene representation of each process/map among the top 12 shown. Processes and pathway maps were prioritized by p-value; the p-value range for maps and GO processes is color-coded. Bolded processes scored in the top 12 in both data sets.
inflammatory processes in these cells were mediated by an increased activity of TOLL-like receptors, NF-kB, MAPKs, JNK3 and complement system. While increased signaling via VDR, AP-1, IL-6 and AR in the optic nerve can be broadly interpreted as a cytoprotective, activation of ephrin A4 receptor and multiple pro-inflammatory pathways represent potentially cytotoxic events, which are conducive to oxidative stress and possibly harmful to CNS neurons and their axons. Significantly, enrichment analysis of activated genes across metabolic maps revealed alterations in cholesterol metabolism that correlated with increased sensitization of neurons to glutamate in glianeuron co-cultures [35] . Similar changes in cholesterol metabolism were also detected in transcriptomic analysis of whole optic nerve head tissue in rat experimental glaucoma [36] . We compared published transcriptomic and biochemical studies in retina and optic nerves from different experimental glaucoma models. Importantly, the published data showed multiple similarities with our data from human ONHAs, particularly in the activation of innate and adaptive immune responses. Consistent with our results, animal models of glaucoma showed robust activation of pathways mediated by AP-1/c-Fos/c-Jun [5, 37, 38] , NF-B [39] , complement [36, [40] [41] [42] , androgen receptor [39, 43] and ephrins [44] . Oxidative stress response and signaling via NF-B, AP-1 and TLRs have also been detected in transcriptomic studies of hydrostatic pressure-induced human ONHAs, and in cytokine-acti- vated murine astrocytes [45, 46] . Gene expression analysis of EGFR-stimulated rat ONHAs revealed additional commonalities in the activation of genes related to cell migration, ECM reorganization and immune response [47] . Major differences in the transcriptomic data derived from rodent astrocytes included a lack of activation of VDRmediated signaling pathway. This effect may be specific to glaucomatous human ONHAs. These comparisons lead us to suggest that the signature profile of the glaucomatous process in reactive astrocytes includes chronic activation of AP-1, NF-kB, complement, AR, TLRs and cell adhesion pathways.
Down-regulated pathways and processes
Analysis of down-regulated genes revealed a fewer number of significantly affected pathways. Perturbed pathways included PDGF signaling via MAPK cascades, membrane trafficking and signal transduction via G-I ( Figure 1 , also see Additional File 3, Supplement Figure  S6 ). We identified several levels of inhibitory regulation in these processes, including structural proteins, signaling complexes, cellular matrix proteases and intracellular signal transduction proteins. Down-regulation of many integrins (a total of twelve in the two donor groups, see Additional File 1 Supplement Table S4 ), evidenced profound changes in the adhesion state and cell signaling in glaucoma. Interactome analysis of the mapped data was performed to analyze connectivity between down-regulated pathways using the MetaCore network building tools and gene content from maps (69 genes found on the 12 most significantly down-regulated maps). Analysis of global connectivity in the networks using the Direct Interactions (DI) algorithm (see Additional File 1 Supplement  Table S3 ) revealed integrins, TGF-, XIAP, kinase families A direct interactions (DI) "global" network for the genes up-regulated in glaucomatous ONHAs Figure 2 A direct interactions (DI) "global" network for the genes up-regulated in glaucomatous ONHAs. The network was generated using a subset of over-expressed (fold change >2.5) genes from the combined microarray data set as an input. The top four interconnected (>20 edges) hubs are marked with cyan circles, less connected (10-20 edges) with pink ovals. Green arrows, activation, red arrow, inhibition; short legend is shown below, for a complete legend see Additional File 1 Supplement Table S3 .
PKC and PI3K as critical hubs interconnecting a compact network (see Additional File 3, Supplement Figure S7A ). Figure S7B ) is a likely explanation for the increased ONHA motility observed in glaucoma, and may contribute to a change in the physiological role of astroglia upon activation [3, 48] . In good agreement with these findings, studies in an animal model of glaucoma also showed significant changes in the expression of ECM components [36] , and a toxic decrease of PKC activity in retinal neurons [49] . However, results of individual studies on TGF-, and PDGF activation in glaucoma [50] varied significantly, likely due to differences in the design, species and cellular populations examined.
Concerted inhibition of adhesion complexes (see Additional File 3, Supplement
Networks for genes differentially regulated in glaucomatous ONHAs
We subsequently generated and analyzed merged signaling/metabolic networks from a combined set of 461 upregulated and 301 down-regulated genes (see Additional File 2). A direct interaction (DI) network (see Methods for algorithm details) was built using the most stringent algorithm that connected only those differentially expressed genes that are functionally proximal and interact directly [51] . The largest DI network interconnecting up-regulated genes contained 196 nodes ( Figure 2 ), while the largest network of down-regulated genes connected only 50 nodes (see high resolution images in Additional File 3, Supplement Figures S8 and S9 ). Both networks were classified according to their distribution of GO functional processes ( Table 2 ). The likelihood of finding a DI cluster of 196 nodes from a random set of 461 genes is very low (p < 0.0001), reflecting the non-randomness of multiple activated pathways revealed in ONHAs by network analysis (see Methods for p-value calculation).
Networks for genes with increased expression
Networks can be characterized by a variety of parameters depicting network topology [52] -distribution of nodes and hubs (top 25% of nodes by the number of interactions), transcription factors, surface receptors etc. [53] . Typically, hubs on human networks are transcription factors or membrane receptors, each forming a cluster (module) of direct targets and upstream regulators. Twelve major network hubs constitute the core of the DI network built from a subset of genes activated in glaucoma. The top hubs scored by combination of p-value and connectivity included SP1, VDR, NF-B, AP-1/FOS and AR (Table  3) , most of which represent redox-sensitive transcription factors. Major membrane receptors affected in glaucoma included ICAM1 (up-regulated), PDGF-R and CCR1 (down-regulated) ( Table 4 ). The gene content for the five major up-regulated network modules is listed in Table 5 .
Transcription factor SP1 forms the largest module with 55 edges, including 48 downstream target genes (Table 3) . This is not unexpected, as SP1 is one of the most prolific general transcription factors in human cells, and co-activates a variety of genes in many different conditions [54] . The second largest cluster was formed by the vitamin D receptor (VDR), 40 edges, 33 targets activated. VDR is a key nuclear receptor controlling transcriptional activation of multiple genes in response to inflammation, oxidative stress and cancer in CNS [55] . Unlike SP-1, activation of VDR is a less common event, perhaps more specific for glaucomatous astrocytes. Other CNS pathologies affecting glia and showing VDR over-expression include astrocytomas, gliomas [56] and reactive astrocytosis in mice [45] . The neuroprotective and immunomodulatory effects of VDR activation have been shown to facilitate recovery after oxidative stress [57] , achieved through tight control of oxidative stress responsive genes and inhibition of iNOS (NOS2A). In the local differentially-expressed gene network for glaucomatous ONHAs, VDR activation is triggered by an increase in activity of the upstream regulators MYB (c-Myb), SP-1 and parathyroid hormone ( Figure 3 ). AP-1 (21 edges, 19 activated targets) is a major transcription factor complex that has been implicated in regulation of cell proliferation, differentiation, survival and death in response to physiological stimuli and environmental factors [58] . Simultaneous up-regulation of the AP-1 subunits c-Jun (JUN), JunD (JUND) and c-Fos (FOS) (the subunits are merged into an "AP-1" complex to simplify Figure 2 ) in glaucomatous ONHAs have translated into strong activation of a subset of AP-1 regulated targets shown in Table 5 . Co-activation of transcription factors AP-1 and NF-B in glaucomatous ONHAs is consistent with their parallel regulation via TLR receptors and MyD88 [59] [60] [61] [62] , and a synergistic role in promoting cell response and survival to various stresses [63] . Importantly, the gene encoding GATA-3, a transcriptional regulator of TLR2, was elevated in glaucomatous ONHAs. The activation of AP-1/c-Fos/c-Jun complex has been well characterized recently in primate model of glaucoma [5] .
We compared relative connectivity (experimental vs. expected) of the top five transcription factors and within the list of activated genes (2.5 fold) using the MetaCore Interactome characterization tool ( [64] see also description in -Methods). Although NF-kB forms only the third largest module (32 edges, 27 activated targets) in the network, interactome analysis showed it as the most overconnected one within activated data set (see Additional File 1, Supplement Table S5 ). Combined with a welldefined role in regulation of inflammation [2, [63] [64] [65] [66] , responses to stressors (cytokines, complement factors [67] and reactive oxygen species [64, 68, 69] ), this result may suggest that NF-kB is the key regulator of neurotoxicity in reactive ONHAs in human glaucoma. Four NF-B subunits, c-REL, RELA, NFKB2 and NFKBIA, showed activation at transcriptional level (see Additional File 2). Our data showed elevated expression of several upstream regulators of NF-B (AR, EGR3, GATA3 and SATA3/BST2), as well as downstream targets in glaucomatous ONHAs ( Figure 4A ). Transcriptional changes in other well known activators of NF-B and AP-1, such as TNF, IL-1, and TLRs were below the cut-off level of our analysis, and examination of post-translational activation of those was outside the scope of this study. Alternatively, we performed immunohistochemical analysis of optic nerve slices from human donor tissue (see Additional File 1, Supplement Table S1 ), which validated the activation of p50/NFKB1 and p65/c-REL subunits in glaucoma ( Figure 4B ). Transcriptional activation of the androgen receptor (AR) module indicated that glaucomatous ONHAs convert 5-dihydrotestosterone (5-DHT) into 5-androstane-3, 17-diol (3-diol) more efficiently than normal astrocytes, due to over-expression of the gene AKR1C6 encoding the enzyme 3-hydroxysteroid dehydrogenase (3-HSD) [43] . 3-diol can regulate various cellular functions, and is connected to the DI network via AR. The DI sub-network for AR does not include 3-HSD (see Additional File 3, Supplement Figure S10 ), which is markedly up-regulated in glaucomatous ONHA (see Additional File 2) and has an indirect connection to AR through 3-diol. NF-B along with its co-regulators, supervillin (SVIL) and RAD9A, facilitates transcriptional activation of AR in good agreement with published data [65] . Also consistent with the literature [66] AR activated downstream targets including AQP9, mitochondrial superoxide dismutase (SOD2), IGF1 and AP-1 (JUND subunit). Given that activation of AQP9 and SOD2 is characteristic of activated astrocytes [67] , we suggested that 3-diol plays a protective role in glaucomatous ONHA by increasing the SOD2 expression via AR [68, 69] .
We analyzed cross-activation within regulatory networks formed by top five transcription factors. For instance, MYB and CYP27B1 were co-activated by SP1, AP-1, NF-B and VDR, IL8 was activated by AP-1, NF-B and VDR. Six genes were co-activated by both AP-1 and NF-B, four genes -by NF-B and VDR, and two genes -by NF-B and AR (Table 5 ). Network analysis suggested that major tran-scription factors activated in glaucomatous ONHAs were involved in complex co-regulation events with each other and the signaling peptides parathyroid hormone and prolactin ( Figure 5 ). Prolactin, which has been implicated in neuroinflammatory response [70] , showed differential activation in the microarray data and the prolactin-inducible protein was revealed by proteomics (see Additional File 1, Supplement Table S6 ).
Consistent with the results of GO enrichment analysis, we observed robust activation of a network for innate immunity in glaucomatous ONHAs. Given a non-linear correlation between gene expression and protein translation, and post-translational activation of complement system, we 
Co-regulated by NF-B & AP-1 & VDR Co-regulated by NF-B & AP-1
A network for the VDR-regulated genes affected in glaucoma Figure 3 A network for the VDR-regulated genes affected in glaucoma. The gene expression data for the combined data set (2.5 fold change) is mapped on the network. The network was generated using the analyze network (AN) algorithm. Network objects are vertically stratified according to their cellular localization, which is indicated on the right. VDR edges highlight color code: yellow, the upstream regulators; cyan, the downstream targets.
tested ONH samples for accumulation of relevant proteins. Our immunohistochemistry and shotgun proteomics data fully supported the transcriptomic data, showing accumulation of clusterin, complement factors H and B, and complement protein C3c, a by-product of activation of the key complement protein C3 in ONH of eyes with glaucoma (Figures 6A-C). Activation of clusterin and complement proteins in human ONHAs is in good agreement with recent observations in rat, where it contributed to retinal ganglion cell (RGC) death induced by chronic ocular hypertension [42] . Similar activation has been detected in brain neurons challenged by hypoxic-ischemic injury [71, 72] . On the DI network for glaucoma, clusterin is connected to two major hubs, AP-1 and NF-B ( Figure  2 ; also see Additional File 3, Supplement Figure S8 ). Upstream regulators of clusterin included c-Fos, AP-2A, beta-endorphin and APP, while C7, C8 and C9 complement proteins were major downstream targets activated in glaucomatous ONHAs (see Additional File 3, Supplement Figure S4 ). Complement activation has been implicated in CNS injury and inflammation, brain ischemia, Alzheimer's and Parkinson's diseases, and more recently, in agerelated macular degeneration (AMD) [26, 73, 74] . Clusterin, a major complement regulator, is also a molecular chaperone [75] , and is essential for cell homeostasis.
Excessive accumulation of clusterin in glial cells, however, correlated with neurotoxicity in brain ischemia [26] ; it promoted microglia activation [76] and to contributed to RGC loss in a retinal hypoxia-ischemia model [77] . Our analysis strongly suggests that, similarly to the abovementioned pathologies, the inflammatory damage to optic nerve in POAG is facilitated by excessive production of complement proteins and clusterin by the reactive ONHAs.
Networks for genes with decreased expression
Fifty out of a total of 301 genes down-regulated in the combined data set (2.5 fold threshold) were connected in MetaCore into a DI network (see Additional File 3, Supplement Figure S9 ) with a p-value < 0.1. This p-value is relatively high due to a smaller percentage of functionally interconnected genes in the subset of genes with decreased expression. The major hubs in the network are interferon gamma (IFN-, 19 edges), and transcription factor STAT1 (17 edges) ( Table 3 ). STAT1 and INF- are the core hubs in the down-regulation network that are closely connected to the down-regulated modules c-Myb, PAI1, PDGF receptor, GPCR G alpha (q)-specific peptide, Substance P receptor, ATGTR1, TACR1 and CCR1 (Table  4) . This network features a number of signaling protein Activation of the NF-B module in the ONHA-specific disease network ligands, including thrombopoetin (CCL5), lactoferrin, substance P, IFN-, neuromedin U, activin beta A, protein C, CCL8, and is consistent with a decrease in STAT1 and STAT4, a transcriptional regulators for most of these genes. STAT1 activation is pro-apoptotic [78] , it is involved in the regulation of vital processes such as cell cycle, survival [79] , and is implicated in ischemic response and inflammation. Down-regulation of STAT1 is in agreement with the suppression of its key regulators IFN-, EGFR and PDGF [80] , and contributes to activation of inflammation-associated genes IRF-1, iNOS, and TNF-. Decreased IFN- and STAT1 signaling, therefore, contributes to the survival of activated ONHAs in glaucoma.
Integration of proteomics data
The proteomic data were generated in an independent series of experiments by shotgun MS/MS analysis of human ONH tissue dissected from eight normal and eight glaucomatous donor eyes [81] . From a combined set of 250 identified proteins, we selected two condition-specific subsets of proteins. One was comprised of 32 proteins that were detected only in normal tissue; the second subset contained 68 proteins that were only detected in glaucomatous eyes. Only those proteins which were identified at least twice in one sample group and not identified in the other, were considered differentially accumulated.
A set of protein IDs was subsequently filtered using a reference list of proteins with known expression in neurons (such as 14-3-3 and HSP families), astrocytes, lamina cribrosa and blood endothelial cells, which contribute to the bulk of the optic nerve head tissue. Thirty five out of 49 glaucoma-enriched and 12 out of 32 normal-enriched proteins matched the objects on MetaCore maps and networks (see Additional File 1, Supplement Table S6 ) and their corresponding genes were expressed in ONHAs. The top scored GO processes in the glaucoma-enriched proteomic data included activation of the complement pathway of the innate immunity, Stress response via heatshock protein HSP70 and chromatin condensation (Table  6 ). Significantly, MS/MS analysis detected complement factors B and H only in the glaucomatous ONHAs, thus providing additional validation of the microarray and immunohistochemistry data ( Figure 6 ) that indicated robust activation of the complement pathway in glaucoma.
The combined transcriptomic and proteomic dataset that included both up-and down-regulated molecular entities (>2.5 fold change) was used to build a DI network in order to detect modules and pathways potentially overlooked by "unidirectional" analysis. The resultant network of 488 nodes (See Additional File 3, Supplement Figure S11 ) was interlinked by more then 30 major hubs, where the top-scoring five included SP1, HNF-4, AR, NF-B and AP-1/cFos (DE up/down, Table 7 ). It is noteworthy that on this combined network, the VDR hub is scored lower (less connectivity) than on any of the "unidirectional" networks. In contrast, HNF-4 hub showed a higher score, suggesting an essential role of this transcription factor in cellular regulation of the reactive ONHAs.
Integration of genetic data on the networks
In order to identify a subset of genetically (epistatically) inter-connected genes encoding physically-interacting proteins implicated in glaucoma, we built networks using the manually-annotated list of POAG-linked genes as the seed nodes. The list of 70 genes, the "G-set", was collected mostly from epidemiological, genetic and partly from biochemical studies, i.e. the G-set potentially represented epistatic and/or mechanistic associations between genes, proteins and the onset of POAG (see Additional File 1, Supplement Table S7 ). However, it is noteworthy that causative relationship with POAG for most of these genes has not been established and their link with POAG is only putative. Published gene expression -POAG associations were not included in the G-list. Epistatic, "causative" associations are inherently different from the physical protein interactions that populate the MetaCore database, which define a "mechanistic interactome". Since gene expression -POAG associations were excluded from the G-set, we did not expect a priori any considerable overlap between A "core" network showing interactions between the major hubs of the "global" differential network Figure 5 A "core" network showing interactions between the major hubs of the "global" differential network. Transcription factors in glaucomatous ONHAs are involved in complex co-regulation events between each other, and the signaling peptides parathyroid hormone and prolactin. Hexagonal symbols on edges define the type of interaction in the link, see Figure 2 ; Additional Files 1 and 2, Supplement Table  S3 for complete legend. the G-set and the list of differentially-expressed genes (DE-set). Indeed, only nine genes from the G-set were differentially expressed in glaucomatous ONHAs. The topscoring GO processes for the G-set included response to wound, cell proliferation, visual perception, blood pressure regulation and inflammatory response while the top canonical pathways maps were ECM remodeling, the Role of VDR in regulation and IL1 signaling pathway (Table 8) . Some processes (bolded in Table 8 ) overlapped with those that were enriched in the DE-set. The direct interaction network generated from the G-set connected 47 out of 70 genes into a statistically significant network (p-value < 0.0001) (See Additional File 3, Supplement Figure S12 ). Signaling proteins made up 17 of the 47 nodes on the network, with TNF, AP-1, endothelin-1 (ET-1), IL-1, and APP being the major hubs. Major transcription factors included AP-1, P53 and STAT3 ( Table 9 ). As expected, half of the G-network hubs were receptors and ligands, with TNF and ET-1 being the top ones, in contrast to the transcriptional factor-regulated DE networks (Table 7) .
Complement pathway activation in glaucomatous ONHAs
Despite little overlap between the G-set and DE-set, more similarities were revealed at the network topology level by a functional proximity search for differentially expressed genes within the interactome "neighborhood" of the Gset. This approach establishes relationships between datasets of different types (meta-analysis) using the parameter of functional proximity, which is defined as one-step physical interactions between the gene products from dif- Bolded, processes and maps similar to those revealed with the gene expression data [82] . We built a set of networks using the G-set gene content as input nodes and the Analyze Networks (AN) algorithm. We then mapped the expression data onto the AN networks. The AN algorithm prioritizes subnetworks based on relative enrichment with experimental (gene expression) data and canonical pathways (See Materials & Methods). This helped us to identify the proximal DE-set network objects and to fill the gaps in the fragmented disease association data (see Additional File 3, Supplement Figure S13 ). After analyzing the 50 top scored AN networks built from the G-set, we identified 37 up-regulated and 20 down-regulated genes (see Additional File 1, Supplement Table S8 ). The majority (32 out of 57) of genes identified in the interactome neighborhood of the genetic network were also present on the global DI network for activated genes and proteins (see Additional File 3, Supplement Figures S14 a, b ).
We then merged the G-set with the 57 DE-set genes from close interactome neighborhood to identify possible connectivity between the networks originating from genetic and gene expression data. The combined data set of 119 genes included only nine genes common to both data sets. Differential activation of another four genes from the G-set was suggested by the proteomic data. GO distribution showed enrichment in the processes: regulation of transcription, BMP signaling pathway, cell differentiation and development, in the combined G-and DE-sets ( Table  7) . The stringent DI algorithm connected 102 out of 119 nodes into one combined G/DE network (see Additional File 3, Supplement Figures S14 a, b) , with a p-value < 0.0001 (see Additional File 1, Supplement Table S9 ). It narrowed the interaction gaps between the literaturederived G-set data. An important feature preserved in both DE and G/DE networks is the synergy between the major transcription factors AP-1, SP1, VDR, AR and NF-B. As the G-set data are not cell type-or tissue-specific, the conservative hub structure of the disease network may represent a core feature of the glaucomatous process across all eye tissues. Some major hubs present only in the G/DE network included P53, STAT1, TNF, IL-1, EGFR, and IFN- (Table 7) , from which STAT1 and P53 hubs increased their relative scoring, suggesting that their potential role in astrocyte activation in glaucoma should be further investigated.
Discussion
The ultimate goal of our functional analysis of glaucomarelated high content data was reconstruction of the condition-specific model at three levels: i) stimuli, i.e. the endogenous and exogenous (environmental) signals, which trigger the disease condition; ii) intracellular signaling activated in the disease; and iii) effectors -the cellular processes, structural complexes and metabolic pathways altered by aberrant signaling in the disease.
Changes at the effector level should be consistent with the observed disease manifestations in molecular profile and phenotype. While complex exogenous signals are known to include genetics, age, mechanical damage, etc., our network analysis has revealed molecular modules that are activated intracellularly, and suggests plausible disease effectors in glaucomatous ONHAs. This analysis suggests that intracellular signaling in reactive ONHAs in response to glaucomatous conditions is mediated by a synergy of key transcription factors VDR, NF-B, AP-1 and AR. These changes are paralleled by decreased signaling via integrins, PDGF and STAT1, which might be insulting to the retinal ganglion cells, since these molecules control adherence, while the motility of glaucomatous astrocytes is likely to be disruptive to their metabolic support functions [2, 3, 48] . Integration of the gene expression and proteomic data for ONHAs confirmed substantial activation of the innate immune response and suggests that this is one of the key effector events in activated astrocytes, which has been also detected in recent gene expression studies [42, 83] . At the level of metabolism, our analysis revealed coordinated activation of endogenous alcohol and aldehyde dehydrogenases, which is consistent with increased metabolic activity and oxidative stress response [69, 84] . Similar activation of these pathways has been shown in the brain of Alzheimer's sufferers, and is likely to play a protective role in detoxification of reactive intermediates of lipid peroxidation [85] . Significant activation of phospholipase A2 and it's receptor PLA2R1, which are involved in a complex network linking receptor agonists, oxidative agents, and proinflammatory cytokines to the release of arachidonic acid [86] , represents a pro-inflammatory effect of glial activation also observed in brain pathologies [87] .
Our network analysis demonstrated activation of potentially neurotoxic and neuroprotective programs in ONHAs in response to glaucomatous ON injury. We found that NF-B is significantly over-connected on the DI and AN networks, showing links to both programs. In contrast to the well known pro-survival role of this transcription factor, recent studies have demonstrated a profound negative impact of NF-B activation on neuronal survival in various CNS pathologies [88] [89] [90] [91] . Our analysis suggests that the activation of a NF-B-controlled transcriptional program in glaucomatous ONHAs facilitates pro-inflammatory events and is, therefore, potentially neurotoxic. It has been demonstrated that in the glia reactivated with LPS, amyloid-beta, elevated hydrostatic pressure, cytokines or double-stranded RNA, NF-B induction correlated with neurotoxic levels of NOS-2, MMPs, JNKs (MAPK8-10), complement, clusterin and cytokines [6, 45, [92] [93] [94] . Activation of several NF-B subunits demonstrated at the levels of gene transcripts, proteins and over-connectivity with upstream regulators and down-stream targets on the disease network, supports the notion that NF-B is key convergence hub in this pathology. In contrast to systemic inhibition of this vital transcription factor that would have a negative impact on neuronal survival, as shown in recent studies utilizing sulfasalazine inhibitor [95] or a knockout mouse model [96] , our experimental data strongly endorse astroglial NF-B as a potential target for a cell-level inhibition in glaucoma therapy.
Conclusion
Direct networking of gene products via protein interactions can be used to identifying modules of epistatic interaction between disease related genes, as described for yeast metabolism [97] . As we showed previously [10] , major topological features of differential networks represent molecules affected by the disease process, and represent potential targets for therapeutic intervention. In this work, we took advantage of the functional analysis capabilities and database of molecular interactions in Meta-Core and cross-referenced two experimental datasets, proteomic and genetic, which are otherwise poorly comparable. Using a two-step procedure, we narrowed the set of differentially expressed genes to fifty seven genes (DEset) most relevant to the G-set of genes associated in the literature with glaucoma, effectively filling the gaps in the fragmented literature-derived genetic data. Our analysis of glaucomatous astrocytes indicated that the synergistic activation of the major hubs SP-1, VDR, NF-B and AP-1 in response to oxidative stress and mild ischemia associated with glaucoma, orchestrates genome-wide changes in the transcriptional profile and chronic activation of ONHAs. In contrast to the pro-survival effects of VDR, AP-1and AR, the harmful effects of chronic activation of major downstream effectors such as NF-B, clusterin, complement and ephrin A4 receptor are likely to be responsible for tipping the balance in the optic nerve microenvironment towards neurotoxicity and inhibition of regeneration. Combined, these glial factors could actively contribute to the retinal ganglion cell death in glaucoma by exacerbating inflammatory damage to challenged axons. Our results imply that the suppression of the major downstream effectors may represent feasible strategy for glia-targeted therapy of glaucoma, ensuing further experimental validation of these targets.
Methods
Optic nerve Astrocytes
Cultures of human ONHA were generated as previously described [23] . Briefly, ONH were dissected and processed within 24 h of death. Four explants from each lamina cribrosa were dissected and placed into 25-cm 2 Primaria tissue culture flasks (Falcon, Lincoln Park, NJ). Explants were maintained in DMEM-F12 supplemented with 10% FBS (Biowhittaker, Walkerswille, MD) and PSFM (10,000 U/ml penicillin, 10,000 g/ml streptomycin and 25 g/ ml amphotericin B; Gibco/BRL, Gaithersburg, MD). Cells were kept in a 37°C, 5% CO 2 incubator. After 2-4 weeks, primary cultures were purified by using modified two-step immunopanning procedure described by Mi and Barres [98] . Purified cells were expanded after characterization by immunostaining for astrocyte markers GFAP and NCAM as described [98, 99] . Second passage cell cultures were stored in RPMI 1640 with 10% DMSO in liquid nitrogen until use. For each set of experiments, cells were thawed and cultured for one more passage so that sufficient cells from the same batch were available in each set of experiments. Astrocytes from both normal and glaucomatous eyes were cultivated similarly in parallel experiments. This ensured that differential transcriptomic data obtained from them have been normalized for cultivation-induced changes, and showed only diseaseimprinted profile changes as reported by others [24, 25] .
Seventeen pairs of normal human eyes from donors (age 58 ± 12) with no history of chronic CNS or eye disease were obtained from the National Disease Research Interchange (NDRI) and from Mid-America Eye Bank (St. Louis, MO) within 2-4 h of death (see Additional File 1, Supplement Table S1 ). A total of eight eyes from six donors with documented primary open angle glaucoma (POAG) (age 73 ± 9) were obtained for the analysis. Seven normal eyes were used to generate astrocytes for microarray analysis, the rest were used for real time RT-PCR. ONH were dissected and processed within 24 h of death to generate astrocyte cultures. To test whether the normal eyes in this study may have had hidden optic nerve disease, and to assess damage in samples from POAG. Samples of the myelinated nerves were fixed in 4% paraformaldehyde, post-fixed in osmium, embedded in epoxy resin, and stained with paraphenylendiamine to detect axon degeneration [100, 101] .
Human ONHA microarray data
The microarray data for two separate donor groups, Group 1 and Group 2 (four or three normal and four eyes with glaucoma in each group, a total of fifteen human optic nerve samples) were obtained from primary human ONHAs, type 1B, derived from glaucomatous and from normal control eyes as described previously [22] . The microarray analysis of Groups #1 and #2, which was separated by a two year time interval possessed significant difference in the mean threshold levels of signal intensities and, therefore, corresponding data were analyzed separately. In total, we analyzed three differential expression (DE) data files: donor Group 1, revealed 322 up-regulated and 152 down-regulated Affymetrix gene IDs (that correspond to 298 and 130 non-redundant genes by HUGO nomenclature, respectively); donor Group 2, (357/335 up-and 271/261 down-regulated AFFI/HUGO IDs); and combined dataset comprised of 461 up-regulated and 301 down-regulated AFFI IDs/genes (see Additional File 2). The latter set was obtained by pair-wise comparison of all disease vs. all normal samples. All original data were deposited in GEO (accession #GSE2378). A portion of these data (referred to as donor Group 1) has been published previously [22] . The raw normalized data were statistically analyzed as described below and used to obtain the gene-specific ratios of differential expression. In total, we analyzed three data files composed of genes with fold change exceeding 2.5: donor Group 1, revealed 322 upregulated and 152 down-regulated Affymetrix gene IDs (that correspond to 298 and 130 non-redundant genes by HUGO nomenclature, respectively); donor Group 2, (357/335 up-and 271/261 down-regulated AFFI/HUGO IDs). In addition, 484 up-regulated and 323 down-regulated genes comprised the combined non-redundant set of genes with known functions, in which 461 and 301, respectively, were recognized as "network objects" in the MetaCore database (see Additional File 2).
Human ONHA proteomic data
Proteomic data was generated by shotgun MS/MS analysis of human ONH tissue from eight normal and eight glaucomatous donor eyes as described previously [81] . From the combined set of 248 proteins identified by this analysis we selected two subsets: proteins detected only in normal tissue (31 IDs) and those found only in glaucomatous eyes (67 IDs). Shotgun MS-identification of proteins has very limited ability in ruling out the absence of a protein, so for further analysis we only selected those proteins that were identified only in glaucomatous tissue. To focus on the data relevant to astrocytes, the selected protein IDs were filtered against proteins with known association with neuronal axons, which formed the bulk of the optic nerve head tissue. Of the remaining 50 IDs, 35 had links to MetaCore maps and networks and were used in our analysis. The expression of all 35 proteins in astrocytes was confirmed by microarray data.
Statistical analysis of gene expression data
Affymetrix microarray data contain intensity values and absent/present flags for each probe set. There were a total of sixteen sets of data used in this study, eight with glaucoma and eight with normal expression. The calculations and data analyses were done with R statistical software http://www.r-project.org. First, we tested whether or not the gene expression values from the glaucoma set were different overall from those of the normal set. This was done by comparing two statistical models: y i = e i , i = 1,..., number of genes, grand mean, e i -error, and y ij =  i + e ij , i = 1,2, j = 1,..., number of genes,  i -group mean, e i -error.
The first model ignores the presence of two different groups. In the second model, we differentiate between the means of the glaucoma and normal groups.
Next, we analyzed the expression of every gene in the glaucoma set with respect to the normal set. Since we had data from eight independent experiments, we could not obtain accurate results from pairing each set of glaucoma data with a unique set of normal data. Every possible glaucoma-normal combination was therefore considered for every gene. The number of such combinations is n*m, where n is the number of glaucoma values, and m is the number of normal values. When no expression values are missing for a specific gene in any of the experiments, there are 16 combinations for every of the two donor groups. The ratios of glaucoma to normal expression were then calculated. To allow the construction of a linear model from the data, base-ten logarithms were taken for each ratio.
The table of results consists of eight columns (see Additional File 1, Supplement Table S10 ). The first column is the gene; the second is the mean of the log ratios. To help visualize the results, the third column contains the ratio itself, such that the values for all over-expressed genes are glaucoma/normal ratios, and the values for underexpressed genes are negative normal/glaucoma ratios. The fourth column shows the standard error (se) for the mean log ratio of a gene, which is defined by , where is the sample variance, and n is the size of the sample.
The next two columns present the bounds of the 95% confidence interval for every mean log ratio. Confidence intervals were calculated with Bonferroni adjustments, since we wanted to maintain an overall confidence of 95% while considering all genes at once. Each confidence interval is defined by Due to the very large number of degrees of freedom (189375), values from the standard normal distribution could also have been used instead of those from the Student t distribution. The seventh column has the "TRUE" value if the 95% confidence interval for that log ratio contains 0 and "FALSE" if it does not. That way it is easy to see which genes have glaucomatous expression levels different from the normal tissue expression level of the same genes. Another way to interpret the results is to use p-values, i.e. the smallest levels of significance for which one can consider the corresponding log ratio means is to be different from zero. If a given p-value is smaller than the chosen level of significance for the test, then it can be concluded that the gene is expressed. A p-value is calculated by P(Z < (gene /se)) + P(Z > ( gene /se)), Z ~ N(0, 1). A Bonferroni adjustment is then applied to this result to ensure small enough overall error. Tables were created from the results with genes that have expression ratios greater than a chosen ratio or smaller than the negative chosen ratio and pvalues smaller than 0.05. Another pair of columns contains the average glaucoma and normal expression levels for every gene, the standard error for these values and the 95% confidence intervals to identify the ranges for the true averages. A present flag was given to every gene that is marked as present in at least three out of four experiments. Otherwise the flag is set to "Absent".
Functional analysis of the data
The functional analysis workflow consists of series of qualitative and quantitative procedures for parsing large datasets into smaller, functionally-meaningful subsets, such as linear signaling and metabolic pathways, and cellular and molecular processes. The overlap between genes/proteins within a functional category and the components of a high-content dataset identified as meaningfully altered can be given a p-value based on the likelihood of this overlap happening by random chance (see below). Multiple functional categories can be scored for each dataset, a procedure referred to as enrichment analysis [102] . The distribution of categories reflects their relative relevance to the condition within the dataset. We used the content of gene ontologies from OnthoExpress [35] in MetaCore™ (GeneGo Inc, MI, http:// www.genego.com) for enrichment analysis of genes differentially expressed in reactive vs. normal ONHAs.
Interactome analysis for relative connectivity
The goal of the analysis was to identify hub proteins, particularly transcription factors, with a significantly large number of interactions within the set of interest. This type of meta-analysis a part of Interactome tool of the Meta-Core and allows calculation of relative connectivity for a hub as a measure of interactions enrichment in experimental data vs. expected for a random data set of a similar size. This characteristics serves as better indication of relevance of a hub gene/protein for the condition-induced changes within a dataset as compared to the absolute number of interactions, where highly prolific hubs (SP-1, P53, etc.) dominate routinely. Relative connectivity of major transcription factors was measured as described by Wood and co-authors [64] . We calculated the interactions of proteins within a set of interest and compared that with the number of connection both in the global protein "interactome"and in the experimental subset. We assigned statistical significance by using the cumulative hypergeometric distribution as follows:
where N -the number of proteins (protein-based network objects) in our global "interactome" extracted from Metacore n -number of proteins derived from the sets of genes of interest D -the degree of a given protein in the global "interactome" database k -the degree of a given protein within the set of interest
The p-value calculated above gives the probability of observing k or more interactions of a given protein (with degree D in global network) by random chance within the set of interest (of size (n)).
The probability of observing "under-connected" connected proteins can be calculated by 1-p(k).
The input lists of genes were converted to protein-based network objects which have been used in our analysis. The resulting network objects sets were divided by subsets based on the molecular function (receptors, ligands, etc.).
Identification of differentially expressed genes in close proximity to the genetic network
Data of different origin can be connected on the same networks. For instance, genes implicated in the onset of the disease can be linked with differentially expressed genes via physical interactions between their corresponding protein products. The network analysis process does not require clustering or statistical analysis other than when defining the probability (p-value) of the assembly of a network of a certain size out of randomly selected relevant nodes (described in the Methods). Each network is, therefore, unique for the data set at the level of specific proteins, subunits and binary interactions. The Analyzê Supplement Table S3 ) connects every node with all others by unidirectional shortest paths using the G-set as the input nodes. This algorithm builds sets of the overlapping small networks consecutively covering all root nodes from the input list. The essential difference between DI and AN networks is that the latter allow non-root objects to form connectors between root nodes. In each of the top-scoring 50 networks, 40 -55% of the objects were root nodes from the G-set. Next, we mapped the differential expression data (DE-set) onto AN networks using the filter experiments tool in MetaCore, which mainly maps the non-root nodes. Between one and seven differentially expressed "close neighbor" genes were typically located on each of AN networks (see example in See Additional File 3, Supplement Figure S13 ). In our data, the majority (32 out of 57) of the interactome neighborhood genes were also present on the global DI network (See Additional File 3, Supplement Figure S14 ). Since the global DI network included only 277 out of 807 input genes (34%), one would expect only 19 out of 57 genes from the vicinity list to overlap with the DI network list with random distribution. The 56% overlap between two gene expression lists (p-value of such an event is 0.005) indicates a strong correlation between the genetic network and the gene expression network for glaucoma. Supplement Table S11 ). Quantitative PCR data for validation of the expression of the three 3HSD isoforms used isoform-specific probes and primers previously described [43] . The 3HSD probes have full homology to the AKR1C3 gene sequence and recognized mostly AKR1C3. The sequence of the AKR1C1 probe has full homology to the AKR1C1 and AKR1C2 gene isoforms and recognizes both of them.
Quantitative RT-PCR
Network visualization and analysis
The set of genes differentially expressed at the cut-off value of 2.5-fold was uploaded into the MetaCore Analytical suite (GeneGo, Inc. St. Joseph, MI). MetaCore is a webbased computational platform primarily designed for the analysis of high-content experimental data in the context of human metabolic and regulatory networks and pathways. MetaCore includes a manually-curated database of human protein interactions, metabolism and bioactive compounds. Analysis was conducted in accordance with the application manual and has been described previously [102, 103] .
Scoring and prioritization of networks according to the relevance of input data
In most cases, high-content experimental datasets are very large and may include data on thousands of genes. In such cases, the issue of prioritizing networks and network modules is important. Prioritization can be based on different parameters, but generally follows the procedure described below. The data set is divided into two random overlapping subsets, in which the size of the intersection between them represents a random variable with a hypergeometric distribution. We applied this for numerical scoring and prioritization of the node-centered networks. Let us consider a general data set size of N with R marked objects/ events (for example, the nodes with expression data). The probability of a random sub-set size of n to include r marked events/objects is described by the distribution
The mean of this distribution is equal to: Where q = R/N defines the ratio of marked objects.
The dispersion of this distribution is described as:
It is essential that these equations are invariant in terms of exchange of n for R which means that the "subset" and "marked" are equivalent and symmetrical sets. Importantly, in the cases of r > n, r > R or r <R + n -N, P(r, n, R, N) = 0
We used the following z-score equation for comparison and prioritization of node-specific SP sub-networks Where N is the total number of nodes after filtration, R is the number of nodes in the input list or the nodes associated with experimental data, n is the number of nodes in the network,r is the number of the network's nodes associated with experimental data or included in the input list, and  and  are the mean and dispersion of the hypergeometric distribution described above.
P-value and evaluation of statistical significance of networks
The p-values throughout MetaCore -for maps, networks and processes -are all calculated by using the same basic formula: a hypergeometric distribution in which the pvalue essentially represents the probability of a particular mapping arising by chance, given the numbers of genes in the set of all genes on a particular map/network/process and genes in an experiment (see the formula below). For a network of a certain size we can evaluate its statistical significance based on the probability of its assembly from a random set of nodes the same size as the input list (see Additional File 1, Supplement Table S12 ). We can also evaluate the network's relevance to biological processes or any other subset of nodes. Let us consider a complete set of nodes in the network that are divided into two overlapping subsets. These subsets represent the nodes that are linked to a certain pre-defined node list. In the general case, these subsets are different but overlapping, and we assume that the intersection is large enough and non-random. We do not consider a situation where the intersection is small but non-random. The null hypothesis states that the subsets are independent and, therefore, the size of the intersection satisfies a hypergeometric distribution. The alternative hypothesis states that there is positive correlation between the subsets. Based on these assumptions, we can calculate a p-value as the probability of intersection of two random subsets from the same set.
Where: N-total number of nodes in MetaCore Database, R -number of network's objects corresponding to the genes and proteins in the list; n-total number of nodes in each map or network generated from the list; r-number of nodes with data in each map or small network generated from the list.
Statistical test for network non-randomness
If we consider a list of nodes corresponding to experimentally altered genes and proteins, this pre-selected list is then used for building the networks using one of the algorithms. The statistical significance of the resulting networks can be defined using the DI algorithm, which displays only the nodes from the input list connected to each other in one step. We can now evaluate the probability of random generation of an interaction cluster of equal or larger size than the number of nodes in the DI network. After defining the list of nodes, a random subset is selected from this list, the network is built with the same algorithm and settings, and the size of the largest network cluster is calculated. The procedure is repeated many times (e.g. 1000 or 10,000 trials) and statistics are accumulated on the number of times the largest cluster of a certain size is generated. The ratio of the number of random clusters the same as the original DI network or larger compared to the total number of trials is a parameter describing the significance of the input list. For example, we calculated these parameters in 10,000 trials using the gene list with unique identifiers from Affymetrix U95 human array as the initial set.
Among the total gene set recognized by MetaCore on the Affymetrix U95A array were 5117 network nodes; random samples of 50 to 500 nodes were selected as an input for network building using the DI algorithm with the same settings as for the original network. The mean cluster size and p-values are presented in see Additional File 1, Supplement Table S12 . The calculated p-value of the large DI cluster of 196 out of 484 random nodes was < 0.0001. Calculation was based on statistical probability that 196 genes form a network by random chance. . To visualize cell nuclei, DAPI stain (Molecular Probes) was applied at the dilution 1:10,000 in PBS buffer (Sigma). For negative controls, the primary antibody was replaced with the appropriate non-immune serum. To control for cross-reactivity in double immunofluorescence, sections were incubated with secondary antibody only. Sections of normal and glaucomatous eyes were stained simultaneously to control for individual variations in immunostaining. Stained slices were then analyzed by confocal microscopy using a Zeiss LSM 510 microscope equipped with argon, HeNe and UV lasers for multiple fluorophore excitation.
Immunohistochemistry
